Carolina Data Warehouse for Delivering Better Healthcare by Agarwal, Mayank
	  
Mayank Agarwal. Carolina Data Warehouse for Delivering Better Healthcare. A Master’s 
Paper for the M.S. in I.S. degree, April 2010. 33 pages. Advisor: Javed Mostafa. 
Abstract: 
 
With the emergence of Clinical and Translational Science Awards (CTSA) there has been 
increased focus on integrating medical research with the informatics practice to improve 
the delivery of health care. This paper presents a general overview of the field of data 
warehouse, the challenges that arise while implementing a data warehouse, and then 
highlight the important factors to be considered while implementing a data warehouse. 
 
The paper goes on to describe the field of clinical data warehouse and address some of 
the challenges in implementing a clinical data warehouse. Carolina Data Warehouse 
(CDW-H) is described as a fully implemented in use example of a clinical data 
warehouse and various issues around clinical data warehouse are explained using CDW-
H. Research portal is used as an example to illustrate the flexibility offered by CDW-H to 
build new services on top of it. New services that can be built on CDW-H are suggested 
based on literature survey. 
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Introduction 
 
Problem solving and decision-making is becoming increasingly complex 
for today's organizations. Early introduction of data warehousing led to significant 
improvements in decision-making process.  This paper first lays down the 
foundation of data warehousing technology, its functionality and architecture, and 
uses that as a base to describe the clinical applications of data warehouse that 
extend beyond the administrative and organizational aspects of patient-care. 
Data warehouse can be defined as a collection of decision support 
technologies, with an aim of assisting the knowledge worker (manager, analyst) in 
making informed decisions (Chaudhuri & Dayal, 1997). This definition limits the 
use of data warehouse in a clinical context to focus mainly on administrative tasks, 
with a focus on patient-management, and patient billing. However, the drivers here 
are evolving information needs and evolving technology. 
In the earlier time, the clinical data warehouse were suppose to find the 
answer to the question, what information or data will help me make do effective 
patient billing. However, now the answer being sought is what information will 
help me deliver better “patient-care”. The term patient-care is an all encompassing 
term which involves researching new treatments, improving existing treatments, 
deciding what treatment to offer, and communicating all of this to patients and
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administrators. 
Increased availability of cheap technology has also impacted how clinical 
data warehouses can be used. The technological implications can be gauged by the 
fact that the size of data warehouses have increased from almost 3TB in 1998 to 
almost 1050 TB in 2008; a 350 fold increase (Winter, 2008). 
This paper uses Carolina Data Warehouse (CDWH) as a case study to 
illustrate the implications of these factors to define new services for clinical data 
warehouses. 
Introduction to Data Warehouse 
 
A data warehouse is a subject-oriented, integrated, time-variant, non-
volatile collection of data in support of management decisions (Inmon, 1996). 
Subject-oriented defines the entities about whom the data is being captured. 
Examples of such entities include customers and products. In Inmon, (1996) these 
entities are called dimensions. Subject-orientation kept the focus on natural data 
groups rather than on application boundaries. Data in a data warehouse usually 
comes from different sources and each source follows a different encoding 
standard. Mapping these dissimilar sources to a consistent, standardized 
presentation is referred to as integrated data. Time is an important dimension of a 
data warehouse. A data warehouse is supposed to maintain the legacy data, which 
may be available on a daily, weekly, month or yearly basis. Once, the data is 
 6	  
loaded into a data warehouse, it is never modified and/or deleted. This 
characteristic of data is usually termed as non-volatility.   
With the evolution of data warehouses, the people using such systems have 
evolved as well. The common users for a data warehouse can be grouped into four 
classes: 
Power Users 
This set of users includes people from data mining community who 
transform business requirements into complex data warehouse queries and look for 
patterns. 
Standard Users 
This group is concerned with the people who facilitate the decision making 
process. They include the upper-level management personnel. They often look for 
answers to current business problems. 
Occasional Users 
Users in this group use their own database as their source and augment it 
with the data from the warehouse.  
Clinical/Scientific Users 
This group include characteristics of all the above three groups. Users in 
this group are interested in finding hidden patterns, but may use their own data 
sources. They may only use information from data warehouse as metadata. 
An important factor for data warehouse design in the granularity of the data 
warehouse. Granularity defines the level of detail that is available in the data 
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warehouse. There is a trade-off between the level of detail and the type of 
questions that can be answered by the data warehouse. 
Extract, Transform and Load 
 
The data in a data warehouse can come from a wide variety of sources. 
Extract, Transform and Load (ETL) is a process of integrating data from different 
sources, transforming them into a single common data model, and finally loading 
that in the data warehouse. ETL tools handle the inconsistencies in terms of 
incomplete and noisy data, cleans the data appropriately, combine the data from 
different sources, remove any redundancies, aggregate the data, generalize and 
normalize the data and finally load it into the data warehouse (Singhal, 2007). 
Applications of Data Warehouse 
 
Data warehouses find its applications in a variety of settings. A data 
warehouse has been traditionally used for reporting. A report is essentially a 
response to specific user requirement provided in the form of a query. Enterprise 
wide data that aggregated in data warehouse, is summarized and inferences drawn 
to satisfy the needs of the users.  
Knowledge discovery (KD) is concerned with issues of scalability, the 
multi-step knowledge discovery process for extracting useful patterns and models 
from raw data stores (including data cleaning and noise modeling), and issues of 
making discovered patterns understandable. Formally, KD can be defined as “the 
non-trivial extraction of implicit, unknown, and potentially useful information 
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from data” (William J. Frawley, 1991).  Knowledge discovery process can be 
graphically represented as shown in Figure 1. The knowledge discovery process 
builds upon the data warehousing ETL tools to extract data patterns, evaluate them 
and present them to the users. 
 
 
Figure 1: Knowledge discovery and data mining process 
Data Warehouse Security 
 
The definition and goal of a data warehouse by its very nature creates a 
security conflict that needs to be addressed. On the one hand, the goal of every 
data warehouse is to make available to all concerned the information they need. 
On the other hand, an organization needs to ensure that this same valuable data is 
not exposed to unauthorized individuals or corrupted by hostile parties. If an 
optimum balance between security concerns is not met, not all stakeholders will 
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derive benefits from the data warehouse information (Kimball, 1997). 
Additionally, the data warehouses represent a threat to personal privacy since they 
contain a great amount of detail about individuals. 
In Kimball (1997), a three level security architecture is identified. The 
proposed architecture is based on defining security roles, security technology, and 
security administration. Security roles identify the access privileges and define the 
scope rules for all the data in the data warehouse. Security technology deals with 
the implementation of security roles. They define how a user is authenticated, how 
the session is protected against replay attacks, eavesdropping and address 
spoofing. Security administration concerns with defining the data governance 
policies and communicating them to the users. Such policies may include the 
security policy for the backup data and control of access privileges.  
Introduction to Clinical Data Warehouse 
 
The performance, efficiency and monetary gains that can be achieved with 
an implementation of a data warehouse for any organization can no longer be 
neglected. Healthcare organizations see data warehouse as a way to improve their 
decision-making and operational efficiency (Einbinder J. S., Scully, Pates, 
Schubart, & Reynolds, 2001). According to a recent survey, health IT practitioners 
identified leveraging information through the use of a data warehouse, clinical 
decision support or evidence-based medicine as one of the top priorities 
(Healthcare Information Management and Systems Society, 2010). The use of data 
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warehouse, clinical decision support systems extends beyond plain decision-
making to involve promoting quality research to improve patient-care. A clinical 
data warehouse can be defined as a system that integrates data from various legacy 
healthcare systems including billing, patient-care, and insurance and attempts to 
leverage the benefits offered by data warehouse and extend them to find answers 
to the questions of hospital administrators, physicians, nurses and researchers. 
Opportunities for Clinical Data Warehouse 
 
It is important to leverage the advantages offered by the clinical data 
contained in the system. A clinical data warehouse can be used to drive a number 
of applications. The applications of clinical data warehouse can be classified in 
three groups: 
Clinical Research deals with tasks of supporting the researchers to conduct 
useful research aimed at improving the clinical practice and patient-care in the 
domain of the clinical data warehouse. Example of such uses may include cohort 
discovery and grant preparation. 
Quality Assurance is concerned with ensuring data validity and quality. 
Data quality is associated with accuracy, timeliness, and precision of the 
information. Quality assurance also deals with maintaining accreditations and 
making the reimbursements easier to handle. 
Administrative Practice deals with assisting the management with 
decision-making tasks, budgeting and financial management. Some of the 
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examples of use of clinical data warehouse for administrative practice include 
estimating utilization, performing cost studies and perform feasibility study of new 
projects. 
Education Opportunities include the use of clinical data warehouse to 
facilitate teaching. Clinical data warehouse can also be used to assist with clinical 
clerkships (Einbinder J. S., Scully, Pates, Schubart, & Reynolds, 2001). 
To improve the health-care, physicians can also use clinical data 
warehouse. A physician may want to look at the records of a particular patient, and 
may want to also consult patients with similar symptoms or disease conditions. A 
pharmacist for the same patient may want to know the current medications 
prescribed to him. 
Distinguishing Clinical Data Warehouse from a Business Data Warehouse 
 
One of the major differentiating factors between a data warehouse and a 
clinical data warehouse is the complexity of the data present in the warehouse. 
Often times, clinical information is much more complex than the business facts 
and numbers. The level of granularity is very high for clinical information. A user 
may want to look at the top-level bird’s eye view of information or he may want to 
drill down to stop at the original electronic record of the patient. The other piece 
that differentiates a clinical data warehouse from a data warehouse is the level of 
security and data governance required for clinical data warehouses. The security 
requirements for clinical data warehouse are very strict and require meticulous 
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planning. 
Challenges in Designing a Clinical Data Warehouse 
 
Designing an operational data warehouse involves addressing some of the 
key challenges. Such challenges extend beyond the realm of technical innovation. 
Some of the key problems encountered during a clinical data warehouse design 
are: 
Cost associated: Building a clinical data warehouse is expensive both in 
terms of time and resources. Factors that govern the cost involved for building and 
maintaining a data warehouse include the number of users, complexity of data and 
the number of people involved with the maintenance (Adelman & Dennis, 2005). 
It is not uncommon to include the operational costs, the cost of generating 
metadata and the cost for data quality improvements in the data warehouse cost. 
The costs also include the maintenance cost which increases proportionately with 
the number of users of the system. Some of the factors that determine the cost for 
building a clinical data warehouse involves finding out: 
1. The volume of the data that needs to be stored in the data warehouse. 
2. The size of the clinical organization that wants to build a clinical data 
warehouse. 
3. The number of people who will be accessing the data in the data 
warehouse. 
4. The granularity of the data that needs to be stored. 
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5. Number of sources that needs to be integrated in the clinical data 
warehouse. 
6. Existence of long-term strategy and standards in the clinical organization. 
An organization that does not gives enough time to think about these issues 
before building a clinical data warehouse; the cost can become alarmingly high 
along with the dissatisfaction with the warehouse. 
Technical Foundation: Technological innovations drive the building of 
data warehouse for clinical applications. The technology needed may involve huge 
investments in terms of financial resources, time and personnel hours. Selecting 
the right technology is as much of a challenge as coming up with a right 
implementation. Clinical data warehouses are often designed on the principles of 
multi-dimensional modeling. A clinical data warehouse from a technological 
perspective can be modeled at three levels: Semantic model, logical model and 
physical model. 
Semantic model relates to the high level view of the clinical data 
warehouse. The semantic model creates an abstract representation of the problem 
and it’s solution. The standards for semantic modeling are implemented in Unified 
Modeling Language (UML). 
Logical model describes the relationships between the various entities 
involved in a coherent manner to facilitate its interpretation at the physical level. 
Logical level is responsible for integrating the data from different sources into a 
unified wholesome view. Physical data model is concerned with how the entities 
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and relationships described by the logical model are translated into actual tables in 
the database. 
The data that is loaded in a clinical data warehouse comes from various 
disparate legacy and operational clinical information systems. The data in any data 
warehouse is stored as highly aggregated data. Extract component of ETL is 
responsible for reading the data from the source systems into a common data store. 
From the viewpoint of a clinical data warehouse, that data that needs to be stored 
are the electronic medical records of the patients. Lack of standards and different 
implementations of Electronic Health Records (EHR’s) makes the extraction an 
expensive process. The problem is further heightened by proprietary 
implementation of various medical standards by each device manufacturer.  
Transform is responsible for validating the data, ensuring data accuracy and data 
type conversion for the data extraction from the various operational systems. 
Loading is responsible for putting the transformed data in the relational tables. 
The data warehouse may need to be taken offline to make the data loading process 
smooth. For clinical setting, ensuring that the data loading time is minimum is 
particularly important because, the updates depending upon the data and the 
source system may need to be done frequently sometimes even at hourly intervals. 
A typical architecture for a clinical data warehouse is shown in Figure 2. 
The data in a clinical data warehouse typically consist of inpatient and 
outpatient data. This includes diagnoses, medications, procedures, and lab results 
(Murphy & Chueh, 2002). Typically a clinical data warehouse contains 
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information about millions of patients primarily aligned according to the various 
classification codes such as ICD-9-CM, Snomed1, or LOINC2. 
	  
Figure 2: Typical clinical data warehouse architecture	  
Data Security: For a clinical data warehouse it is very important to address 
the issues concerning privacy and confidentiality. EHR carry sensitive 
information, which can be exploited for various reasons. For this reason, strict 
guidelines and rules have been established to ensure safe access to medical and 
personal health records.  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 http://www.nlm.nih.gov/research/umls/Snomed/snomed_main.html 
2 http://loinc.org/	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U.S. Department of Health and Human Services enforces the HIPAA 
(Health Insurance Portability and Accounting Act) Privacy Rule, which protects 
the privacy of individually identifiable health information; the HIPAA Security 
Rule, which sets national standards for the security of electronic protected health 
information; and the confidentiality provisions of the Patient Safety Rule, which 
protect identifiable information being used to analyze patient safety events and 
improve patient safety (U.S. Department of Health & Human Services). The 
HIPAA Security rule mandates that any Personal Health Information be de-
identified before it can be used for any other purpose. De-identification removes 
any identifying information that may be present in the EHR. Such identifying 
information may include name, geographic divisions smaller than states, dates 
related to individuals (date of birth, admission data, discharge date), IP address, 
telephone number, social security number, medical record number and health plan 
number. Only people with Institutional Review Board (IRB) approval may have 
access to such information. However, complying with the HIPAA requirements 
destroys important information that may be important for clinical studies and 
analysis (Murphy & Chueh, 2002). The removal of temporal information from the 
EHR’s destroys the cause and effect information. 
Data Governance: In this secure and complex information setting, not 
every user will have the same information need. Keeping this in mind, it is 
important to assess the access rights for each user. Formally data governance can 
be defined as “The formal orchestration of people, processes, and technology to 
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enable an organization to leverage data as an enterprise asset.(A CDI Institute 
MarketPulse In-Depth Report, 2006)” This definition brings forth some key 
concepts in data governance, formal orchestration of people, process and 
technology. A data governance program often includes a governing body (steering 
committee or council), an agreed upon common set of procedures, and a plan to 
communicate and execute those procedures. Data governance ensures accuracy 
and quality of the data, information integration across the various operational 
systems and lends the data to be used for decision making through business 
intelligence. Properly implemented data governance policies can make the process 
of auditing much easier. When we talk about clinical data warehouse, the role of 
data governance extends beyond ensuring integrity of the data. It also includes 
coordinating and facilitating the research and development of new treatment to 
improve the health care for the society. The governing body is also responsible for 
ensuring that standards are in place for Health Information Exchange (HIE). This 
may include defining the policies regarding the ownership of EHR’s and 
developing quality assurance programs. 
Carolina Data Warehouse – Health Experience 
 
Introduction 
 
University of North Carolina at Chapel Hill (UNC) started developing its 
EHR system almost 20 years ago. The EHR’s contains information about the 
inpatient and outpatient care at the UNC Hospitals, clinics and the affiliated 
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practices through out the North Carolina. UNC’s EHR contains the full nursing 
notes, physician order entry, progress report, laboratory tests, discharge 
summaries, and medication lists. UNC started building Carolina Data Warehouse 
(CDW-H) about 2 years ago with an investment of about $7 million by now. 
CDW-H stores information about the patients, medications, laboratory results, 
immunizations, diagnosis, drugs, drug orders, contact information, ambulatory 
claims, allergy information, patient readmission, patient visit provider, payer and 
payment, problem, procedure, and vital signs along with the financial information 
about accounts. All of this information is aggregated from various department 
level operational clinical information systems. Besides these the CDW-H also 
houses the ancillary reports, cardiology reports, clinical notes, ECG reports, 
pathology reports, pulmonary reports, and radiology charts in a coherent 
connected way. 
Architecture 
 
By now we are fairly familiar with clinical data warehouse architecture. 
Figure 3: Carolina Data Warehouse Data Flow 
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 In Figure 3, the data flow for Carolina Data Warehouse is shown. The data 
comes from various operational databases and clinical information systems. The 
data include both decision support data and the clinical and research data. The data 
from each of the operational clinical information system undergoes ETL process 
before it is loaded in the common data store called Stage. All the data thus 
available in Stage undergoes further ETL process before being stored in a 
persistent Atomic Data Store (ADS). ADS represent the universe of the Carolina 
Data Warehouse, where all the information and the data is persisted and accessed 
from. Further data-marts are derived from the data persisted in ADS to serve the 
immediate and most frequent data queries. Currently, CDW-H has two data-marts 
built around it serving the inpatient and diabetes data. In Figure 3, each numbered 
item represents the stage at which ETL process takes place. To load the data from 
Operational Decision Support System (DSS) to Stage, takes 98 ETL jobs. It takes 
93 ETL jobs to move data from Clinical Data Repository (CDR) to Stage. From 
Stage to ADS, it takes 175 ETL jobs. The complexity of the process can be gauged 
by the fact that it takes 18-20 hours to move the data from the source operational 
systems to the application level. ETL process involves validating data, 
transforming and cleaning it, mapping it to the destination schema and aggregation 
it to support decision-making and inferences. 
Being associated with a large academic center, the CDW-H contains almost 
1.8 million unique patients, and about 4.5 million total unique accounts. CDW-H 
is built on top of complex multi-dimensional modeling with a total of 202 tables 
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and 2,840 columns in the ADS covering all the different aspects of the EHR. To 
provide flexibility a Business Objects layer is built on top of the layer to allow for 
new services to be developed using the data available in CDW-H. Business 
Objects provides a Java based Application Programming Interface (API) to the 
developers to build upon the existing framework and provide new services. 
Towards the end this paper will describe some services that can be built upon 
CDW-H to improve patient care. 
Data Security, Governance and Access 
 
To prevent unauthorized access to the patient sensitive information all the 
EMR have been de-identified to make it compliant to 18-point HIPAA guidelines. 
All the information regarding the dates have been masked in the form of intervals, 
and only aggregate numbers are provided.  
To facilitate research different levels of access to data in CDW-H was 
identified. Table 1 highlights the various access levels available for the research 
with the level of authorization needed. 
Level of Access Rule Scope of Data 
De-identified No authorization needed Must not contain any HIPAA 
defined data elements that can 
used for identification of the 
subjects 
Limited data set Requires signed Data Use Largely de-identified EMR’s but 
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Agreement may include limited identifiers 
Complete set Authorization/Waiver of 
Authorization needed 
EMR’s include all the identifiers 
Table 1: Data Access levels in CDW-H 
To manage effective data governance, all the requests to access the clinical 
data has to be approved by an Operations Committee. Operations committee 
involves members from UNC School of Medicine and UNC Institutional Review 
Board responsible for decision-making. To access the limited or complete data set 
the researcher or the user needs an Institutional Review Board approval before the 
data can be released to the researchers. The request for data access also asks the 
researcher to define what data they need. With this information only the data that 
is needed is released to the researcher. 
To have access to the data the researcher needs to be registered with the 
UNC - Information Technology Services (ITS) (University of North Carolina at 
Chapel Hill). CDW-H uses Onyen based authentication. Onyen provides a secure 
framework to log into the UNC-CH system and access the UNC resources 
ensuring the access scope and proper utilization of the resources. 
Services 
Current Services being offered 
 
It is important to decide upon the intended audience and the framework in 
which any clinical data warehouse will be used. CDWH-H provides a Business 
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Objects API to build services on top of it. Figure 3 shows the research portal that 
has been built on top of CDW-H to serve the researchers. Research portal has been 
conceptualized with a goal of providing access to various features of CDW-H in a 
user-friendly way. In other words it can be thought of as a portal to find useful 
resources and services in the CDW-H. Researchers can use the research portal in 
the pre-experimental stage to plan a study or a clinical trial. It can also be used for 
cohort identification and selection. The research portal provides a visual interface 
to query the CDW-H and get aggregated count for the patient EMR’s satisfying 
the specified criterion. Besides providing the aggregate count, the portal also gives 
provides the distribution of the records over key factors influencing the study such 
as race, gender and age. “How many women with digital mammography 
performed at UNC Hospital between May 2007 and June 2008, also have a 
documented history or new diagnosis of cardiovascular diseases” represents a 
typical query served by the research portal. 
Future of CDW-H 
 
At UNC, the Operations committee is also responsible for developing a 
sustainability plan for CDW-H. It is critical to develop a long-term vision for the 
use of clinical data warehouse. It involves thinking of issues of future sources of 
data, anticipated users, the usage and security. 
For CDW-H some of the future goals include service expansion and placing 
emphasis on more development projects. Development project include: 
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• Building more data marts 
• Federation 
• Secure Virtual Workspace 
• Live-feed 
With the improvements in medicine, and much of it coming linked to the 
field of Proteomics, Genomics, Pharmacology, Pharma-genetics, and so on it is 
important to supplement the clinical observations with the additional information. 
It is also important to integrate the various imaging modalities with the clinical 
observations and be able to search based on those images (Agarwal & Mostafa, 
2010).  
It is critical for a good research and clinical study to look at the wholesome 
picture of the field and be able to make inferences based on the literature. CDW-H 
plans to integrate various internal and external federated sources such as PubMed, 
dbSNP and other databases for biological and “omics” literature and data. 
 24	  
 
Figure 4: Future of CDW-H 
Figure 4, shows an integrated view of the future vision for CDW-H. Figure 
4 also shows the addition of Collaboration Layer and caBIG for secure 
information exchange. caBIG (Cancer Bio-informatics Grid) provides a federated 
distributed and interlinked resources to all the stake-holders (physicians, 
researchers and patients) in the caner community. For unified healthcare 
development it is critical to facilitate secure health information exchange between 
the healthcare practitioners and researchers. There is an additional need for SoA 
applications (service oriented architecture), which include applications for 
analysis, tools for query, search and mining the data. 
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Services 
 
Clinical data warehouses can be thought of as clinical consultation systems 
that use population statistics and expert knowledge to offer real-time information 
for clinicians (Classen, 1998). Clinical decision support systems cans be used for a 
range of services such as alerts for a potential drug-drug interaction to interpreting 
results of blood gas analysis (Classen, 1998). Most commonly clinical data 
warehouses are used as clinical decision support systems. Clinical decision support 
systems are "active knowledge systems which use two or more items of patient data to 
generate case-specific advice" (Wyatt & Spiegelhalter, 1991). Some of the potential 
services that can be built on top of CDW-H are:  
1. Real-time clinical alerting system: The data stored in CDW-H can be used 
to identify parameters critical for delivering patient-care, and rules be 
described on those parameters to implement a real-time clinical alerting 
system for the physicians (Chen & Wan-Chun Ma, 2002). When a change 
in patient condition occurs, the system can be used to inform the clinician 
responsible through Short Messaging Service (SMS) or pager. 
2. Estimation of cost of adverse drug events: The drug information stored in 
CDW-H can be used to identify patients with possible adverse drug events 
(Einbinder & Scully, Using a Clinical Data Repository to Estimate the 
Frequency and Costs of Adverse Drug Events, 2001). Using the established 
adverse drug event criterion (Jha, et al., 1998), actual and the preventable 
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number of patients can be estimated along with the cost associated and 
excess length of stay. This type of analysis can help reduce the medication 
errors. 
3. Quality Assurance: Often times the use of clinical data warehouses is 
limited to clinical practice and research. However, the nature of data stored 
in CDW-H makes is appropriate to use for quality assurance. Some of the 
parameters that can be used for quality assurance are the hospital 
occupancy at any given time and the turn-around time between the request 
for a test by the clinician and the clinician receiving the results (Grant, et 
al., 2006). 
4. Data Mining and Pattern Discovery: Large clinical data repositories lend 
themselves usable for the purpose of clinical data mining to uncover hidden 
patterns (Mullins, et al., 2006). CDW-H can be used to identify the disease-
drug interactions, drug-drug interactions, epidemic detection, hereditary 
disease detection (Yu & Hripcsak, 2000) and outcome predictions. 
Conclusions 
 
Data warehousing has proved to be useful for many business domains. 
However, decision to implement a data warehouse, involves making a lot of 
strategic decisions about the value of the warehouse, the utility of the warehouse, 
the cost associated for building it and long term vision for the warehouse and the 
 27	  
business in general. It is also important to think about the security of the data in 
the data warehouse. 
With the large amount of information hospitals are producing everyday, 
and with a movement emphasizing the transition to electronic medical records, it 
is imperative for improving the healthcare to leverage the electronic nature of this 
information. The paper highlights some of the advantages offered by a clinical 
data warehouse. Clinical data warehouses provide the ability to accomplish 
retrospective surveillance with the flexibility to use it as a patient care system. 
Clinical data warehouse if implemented properly can ensure patient privacy and 
confidentiality in accordance to the HIPAA guidelines and accomplish secure 
unified information exchange based healthcare network.  
CTSA (Clinical and Translational Science Awards) movement has 
reinstated the interest in developing clinical data warehouses in large academic 
health centers. With the CTSA award, UNC has developed a clinical data 
repository that integrates the clinical, “-omics” and administrative information to 
make researchers, physicians, and administrators make informed decisions, 
practice better healthcare and design better studies. 
Some of the possible services that can be served using CDW-H are also 
explored in this paper that can extend the functionality of research portal from a 
study planning and cohort identification tool to an integrated study dashboard and 
platform. 
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However, it is also important to realize that the investment in building a 
data warehouse is only worth if the expected returns are high. It is important to 
validate the utility of clinical data warehouse for a task the health center is 
engaged in. A proper evaluation of the clinical data warehousing as a technology 
and research environment will help the future academic health center plan their 
resources strategically. 	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